The problematic of improving outcomes for neurosurgery patients by enhancing intraoperative navigation and guidance is considered. Current navigation systems do not accurately account for intraoperative brain deformation. So far, most studies of brain deformation have focused on brain shifts while this paper focuses on the brain deformation due to retraction. The heart of our system is a 3D nonrigid registration technique using a biomechanical model driven by the deformations of key surfaces tracked between two intraoperative images. The key surfaces, e.g the whole-brain region boundary and the lips of the retraction cut, thus deform due to the combination of gravity and retractor deployment. The tissue discontinuity due to retraction is handled via the eXtented Finite Element Method (XFEM), which has the appealing feature of being able to handle arbitrarily-shaped discontinuity without any remeshing. Our approach is shown to significantly improve alignment of intraoperative MRI.
Introduction
The main goal of brain surgery is to remove as much as possible of lesion tissues, while avoiding contacts with eloquent areas and fiber tracts located in white-matter tissues. Surgery is planned on the basis of preoperative images of multiple modalities, such as Computed Tomography (CT), structural and functional Magnetic Resonance Imaging (sMRI and fMRI), Diffusion Tensor Imaging (DTI), Positron Emission Tomography (PET), and Magneto-encephalography (MEG). Surgery is generally performed using an image-guided navigation system that relates the 3D preoperative images to (3D) patient coordinates, thereby allowing the surgeon to position his instruments in the patient's brain, while navigating on the preoperative images. However, throughout surgery, the brain deforms, mostly as a result of the leakage of the cerebrospinal fluid out of the skull cavity, modifications in cerebral perfusion, pharmacological modulation of the extracellular fluid, and surgical acts, such as cuts, retractions, and resections [27] . As surgery progresses, preoperative images become less representative of the actual brain, and navigation accuracy decreases.
These navigation errors could be reduced if one could acquire, throughout surgery, fresh images of the same modalities and quality as the preoperative ones. These images are major challenges, since intraoperative MR images are -with the exception of a handful surgical facilitiesusually acquired using low-field MRI scanners that provide lower resolution and contrast than their preoperative counterparts. Moreover, even in those rare places that possess high-field intraoperative MRI scanners, the acquisition of intraoperative DTI images remains rather timeconsuming. Finally, to this date, several useful imaging modalities, such as PET and MEG, cannot be acquired intraoperatively.
The solution that is generally favored is to acquire reduced-quality intraoperative images at several critical points during surgery, to track the tissue deformation from one image to the next, to update (i.e. to deform) the preoperative images accordingly, and to feed the resulting images to the navigation system [30] . The deformation of preoperative images so they conform to the intraoperative images falls into the domain of nonrigid registration. One category of such techniques uses biomechanical models based on the Finite Element Method (FEM). Prior to surgery, a biomechanical brain model specific to the patient is built from preoperative images: the model consists of a volume mesh of finite elements (FEs), and of one or more mechanical behavior laws assigned to them. During surgery, a number of key anatomical landmarks are extracted and tracked through successive intraoperative images. When using the approach known as the forced-displacement method, the estimated displacements of these landmarks are directly applied to the biomechanical model and drive its deformation. The resulting displacement field of the biomechanical model is used to deform the preoperative images. So far, most of the mechanical conditions of the brain cannot be estimated in the operating room, such as the volume of cerebrospinal fluid flowing out of the skull cavity, or the forces applied by a retractor tool. The fact that an intraoperative image can provide the knowledge of the current state of the brain after some deformation partly eliminates the need for a complete evaluation of these mechanical conditions. The nonrigid registration technique replaces them with the landmark displacements evaluated from successive intraoperative images.
Most studies of brain deformation based on biomechanical models have focused on shifts (the topology of the brain is not modified) occurring after the opening of the skull and dura [3, 11, 14, 19, 21, 31, 35, 36, 44, 45] , and, thus, do not take explicitly into account any cut and subsequent deformation. A good review of these different studies can be found in [4, 17, 24, 44] . In comparison, few studies have focused on brain deformations due to cuts, retractions, and resections (the last two necessarily involving a cut). One of the main difficulties associated with a cut is the discontinuity it implies in the tissues, which changes brain topology. Indeed, the finite element method (FEM) cannot handle discontinuities directly and requires one to realign the discontinuity with element boundaries based on mesh-adaptation [29, 34, 37] or remeshing techniques [2, 12, 26, 28] , which provide, from an initial mesh, a new mesh conform to the discontinuity. This paper presents a solution for updating multimodal preoperative images with respect to surgical brain deformations due to retraction that can be seen and quantified using iMR images. The landmarks tracked between the iMR images correspond to the whole-brain region boundary and the lips of the retraction cut, both deforming due to the combination of gravity and retractor deployment. In the field of fracture mechanics, which studies the growth and propagation of cracks in mechanical parts, some methods have been developed to avoid using FEM in combination with mesh adaptation or remeshing techniques [8] . One of them is the eXtended Finite Element Method (XFEM or X-FEM), which appeared in 1999 [25] and has been the object of considerable research since then [1] . XFEM works by allowing the displacement field to be discontinuous within some FEs of the mesh. The mesh does not have to conform to the discontinuities, so that these can be arbitrarily located with respect to the underlying FE mesh. Because XFEM allows for an accurate representation of the discontinuities while avoiding mesh adaption or remeshing, and because of the similarity between cracks in mechanical parts and cuts in tissue, we proposed the use of XFEM for handling cut, retraction, and resection in the updating of preoperative images. As explained earlier, the goal of this work is to incrementally update the preoperative images with each new pair of successive iMR images; as each iMR image is acquired, this new image and the preceding one are used to estimate the deformation of the brain. Typically, after brain shift, the patient undergoes successive resections with prior retraction depending on the location of the tumour site. In the modeling of successive brain deformations, XFEM is thus appropriate in order to avoid successive remeshing. In the past, some 2D results were presented in [41] for retraction modeling and successive resection modeling, both handled separately. This paper is the first complete and detailed account of the generalisation to 3D of our 2D work on retraction modeling. In the future, 3D retraction followed by successive resections will be modeled. Different constitutive laws have already been used for modeling brain deformation. The simplest constitutive law is the linear elastic law [3, 11] and is used in this work, while the brain shift was also modeled using a hyperviscoelastic law characterized by a strain rate dependence [45] , or a poroelastic law characterized by solid matrix and a fluid phase [19] .
The structure of the paper is as follows. In next section, the state-of-the-art in retraction modeling is presented. The basic principles of XFEM are then introduced. Our global system for updating preoperative images is described and details are given about our algorithms for retraction modeling. Afterwards, a patient case that illustrates our approach is considered, and our results are validated. Finally, conclusions are drawn and future work discussed.
State-of-the-art
Retraction is usually performed when the target, e.g. the tumour, is deep inside the brain. The surgeon cuts through brain tissues and inserts the blades of a retractor to spread tissues out from the incision and to create a free path towards the tumour. Ferrant et al. [11] modeled retraction using a linear elastic biomechanical model. They deleted the FEs falling into the retraction path, which is visible on the intraoperative MR (iMR) image acquired after retraction. This way of modeling retraction implied the removal of some tissues, which was not physically correct, and did not model explicitly the motion of tissues as they were spread out.
Miga et al. [22] modeled retraction using a linear poroelastic biomechanical model. This model was subject to the effects of gravity, as well as to the deployment of the retractor. They used optical images from the operating microscope and cortical features, such as surface vasculature, to estimate the position of the retractor. They modeled the tissue discontinuity by splitting the mesh along existing boundary edges, representing as best as possible the cut by a jagged discontinuity. In order to model the opening of the path, they subsequently moved the duplicated nodes apart. The nodes located on the front side (i.e. facing the opening) of the retractor were moved within a distance consistent with the optical images. The nodes on the back side were not allowed to move orthogonally to the retractor blade.
Platenik et al. [32, 33] attempted to validate the retraction modeling of Miga et al. [22] . They performed in vivo incremental interhemispheric retraction experiment (from 3 mm up to 10 mm) on four porcine subjects, using a controlled retractor mounted on the stereotactic frame attached to the subject. They used intraoperative CT (iCT) scans to estimate the position of the retractor. Validation was performed using beads, implanted in the porcine brains, and tracked between successive iCT scans. They also improved the model of Miga et al. by allowing tissue on the back side of the retractor to move with the retractor at the beginning of the retraction, and, then, to separate at larger retractions. This phenomenon was visible on iCT scans. They were able to capture up to 85% of brain motion. Lamprich et al. [18] also attempted to validate the retraction modeling of Miga et al. [22] on ex vivo interhemispheric retraction porcine experiment images using iMR images.
Lunn et al. [20] used the data collected by Platenik et al. [33] from these porcine experiments to test a different way of modeling retraction. The volume displacement field of the biomechanical model was computed as a weighted combination of basis solutions, computed prior to surgery with a linear poroelastic biomechanical model. The weight coefficients were computed with a minimization procedure using the implanted beads as control points, in order to reduce the error between the observed and computed displacements of the beads. They analysed different basis solutions, and evaluated the best combination of them. They obtained the best results with a combination of three basis solutions: gravity, retraction with normal displacements to the retractor blades, and pressure on the back of the retractor. They also analysed the amount and locations of control points necessary to obtained such results. While the results showed equal or decreased mean vector error compared to the results of Platenik et al., the method still calls for further study. Indeed, the method is of course sensitive to the type of basis solutions used, and does not necessarily provide better solutions with additional basis solutions. Furthermore, while it was feasible to use implanted beads for porcine subjects and to track them in iCT scans, the use and tracking of control points in real patients is expected to be more challenging.
Sun et al. [40] studied the capacity of capturing cortical motion during retraction, using stereo cameras mounted on the operating microscope. They registered stereo images acquired after craniotomy to a linear poroelastic biomechanical model of the patient's brain, and tagged the nodes of the external surface of the biomechanical model that corresponded to the visible surface of the brain. From these nodes, they defined a subset that were visually hidden by the retractor on the stereo images acquired after the insertion of the retractor, and tagged them as the retractor nodes. They estimated the motion of the retractor based on stereo images acquired before and after the deployment of the retractor, using an iterative closest point (ICP) algorithm. They transposed the displacement of the retractor to displacements applied to the retractor nodes of the biomechanical model. They validated their method by computing, based on the ICP algorithm, the displacements of the tagged nodes minus the retractor nodes from stereo images, and compared these displacements to the displacements of nodes resulting from the deformation of the biomechanical model. For the patient case studied, they found that they could capture approximately 75% of the cortical motion.
The methods described above have been all developed using a FEM-based biomechanical model for intraoperative image registration. Surgical simulation is another research field that broadly uses FEM-based biomechanical model. The objective of a surgical simulator is to provide an interactive manipulation with force feedback of the anatomical part to be operated using various surgical instruments. In order to model a large range surgical procedures, a real-time interactive cutting method should be included in the simulator. Jerabkova et al. [15] have applied nonlinear XFEM for simulating cut, and have shown that XFEM is successfully efficient for such purpose.
XFEM Principles
Before presenting XFEM principles, a few key properties of FEM are introduced that make the understanding of XFEM easier. FEM [47] discretises the solid of interest into a mesh, i.e. into a set of finite elements (FEs) interconnected by nodes, and approximates the displacement field u(x) by the FEM displacement field u F EM (x) defined as
where x is the position of a point of the solid, I is the set of nodes, the ϕ i (x)'s are the nodal shape functions (NSFs), and the u i 's are the nodal degrees of freedom (DOFs). Each ϕ i (x) is defined as being continuous on its compact support ω i , which corresponds to the union of the domains of the FEs connected to node i, with the property
where x j is the position of node j and δ ij the usual Kronecker signal. In our approach, linear NSFs are used.
FEM requires its displacement field u F EM (x) to be continuous over each FE. In contrast, XFEM handles a discontinuity by allowing the displacement field to be discontinuous within FEs [5, 25, 38, 39] . Arbitrarily-shaped discontinuities can then be modeled without any remeshing. The XFEM displacement field generalises the FEM displacement field (1) with
The first term corresponds to the FEM displacement field (1), where I is the set of nodes, the ϕ i (x)'s are the FEM NSFs, and the u i 's are the nodal FEM DOFs. The heart of XFEM is the "enrichment" that adds a number, n E i , of DOFs a ji to each node i of the set J, which is the subset of nodes of I whose support is intersected by the discontinuity of interest. These DOFs are multiplied by the NSFs ϕ i (x) and the discontinuous functions g j (x).
Evaluating the function u XF EM (x) at the position location x k of some node k that is enriched, i.e. for k ∈ J, one finds
Since the last sum is generally not zero, one has
This means that, for nodes that are enriched, the FEM DOF u k does not represent the displacement of node k, and thus, the XFEM displacement field u XF EM (x) does not interpolate the nodal displacements. This should be contrasted to the case of FEM, where the FEM DOF u k represents the displacement of node k. Equation (4) also implies that nodal displacements cannot be imposed by eliminating the DOFs u k , such as it is done with FEM, but must be applied as a linear combination between several DOFs with, for instance, Lagrange multipliers for nodes that are enriched [9] .
The use of specific XFEM enrichment functions g j (x) for a node i ∈ J depends on the type of discontinuity, e.g. crack, hole, material interface, etc., to be modeled. Suppose that our goal is to model a crack, characterised by a discontinuity in the displacement field (as opposed to a material interface for instance, characterized by a discontinuity in the derivative of the displacement field). When the crack fully intersects the support of the node, a simple choice is a piecewise-constant unit function that changes sign at the boundary across the crack, i.e. the Heaviside function
where x is again the position of a point of the solid, x * is the position of the point on the crack that is the closest to x, and e n is the outward normal to the crack at x * , as shown in Fig. 1(a) [25] .
The support of any node in J is cut into two disjoint pieces by the crack. If, for some node, one of the two pieces is very small compared to the other, then the Heaviside function is almost constant over the nodal support, which causes the XFEM problem to be ill-conditioned. Consequently, the node has to be removed from J, which is equivalent to moving the crack location to the boundary of the support. A criterion should be used to remove from J a node for which the ratio of the volume of the smallest piece to that of the full support is less than some tolerance value, e.g. 10 −4 [39] .
The XFEM equations that result from the minimization of the total potential energy remain sparse and symmetric as for FEM. Whereas FEM requires a remeshing and the duplication of the nodes along the crack to take into account any discontinuity, XFEM requires the identification of the nodes belonging to the set J and the addition of DOFs: (1) any node whose support is not intersected by the discontinuity remains unaffected and thus possesses three DOFs; (2) any node whose support is intersected by the discontinuity is enriched with three Heaviside DOFs and thus possesses six DOFs. Because of the additional DOFs in XFEM, the number of equations to be solved is larger than for FEM.
Description of Baseline System
Our retraction modeling is part of a global framework for updating preoperative images using successive intraoperative MR (iMR) images acquired at different critical points during surgery.
(iMR images were acquired with the 0.5 Tesla intraoperative GE Signa scanner of the Brigham and Women's Hospital, Boston, USA. iMR image size is 256 × 256 × 60 voxels, and voxel size is 0.859 × 0.859 × 2.5 mm.) In this paper, two simplifying assumptions are made. First, retraction deformation only is considered, which takes place between the second and third iMR images for the patient case treated. Therefore, brain shift deformation is not taken into account, which takes place between the first and second iMR images. However, the modeling of retraction is not affected by this simplification. (The modeling brain shift deformation -for a different patient case -has been treated and illustrated in [42] .) Second, the second iMR image is used as a substitute for preoperative images. The biomechanical model is thus built based on structures visible in the second iMR image, instead of in the preoperative images, and the structures used in the model are limited to the ones visible in the intraoperative image. Except for the rigid registration between the preoperative images, the biomechanical model, and the second iMR image, this simplified approach allows us to discuss, illustrate, and test all key aspects of the system.
The successive steps for evaluating brain retraction deformation consist of rigidly registering the iMR images, and of segmenting them. The biomechanical model is then built based on structures segmented in the second iMR image. A set of common anatomical surface landmarks, the whole-brain region boundary and the two lips of the cut, are segmented and tracked between the two iMR images. The biomechanical model is deformed, based on XFEM, in accordance with the displacement fields of these surface landmarks. The resulting volume displacement field of the biomechanical model is then used to warp the second iMR image. Finally, the method is validated by comparing images (original and deformed second iMR image with third iMR image) that are of same modality and quality, and, thus, that show the same anatomical features. In the following sections, the successive processing steps just mentioned are described.
Rigid Registration of Intraoperative Images
Although the patient's head is supposedly fixed during the operation, one cannot totally rule out the possibility of slight head motion. To compensate for this potential source of rigid motion, the iMR images are rigidly registered using the point-based landmark transform available in VTK(http://www.vtk.org/), where the corresponding landmark points are manually selected in the two iMR images.
Segmentation of Intraoperative Images
The segmentation of iMR images is necessary for both the building of the biomechanical model and the capture of intraoperative deformation between the two iMR images (Figs. 2(1a)-2(2a) ).
In the present application, the only region of interest is the whole-brain region, i.e. with the skull and external cerebrospinal fluid masked out. The segmentation is performed in two steps. First, the whole-brain region is manually segmented out using 3D Slicer (http://www.slicer.org/) (Figs. 2(1b)-2(2b) ) from the two iMR images. Second, the two segmented regions are smoothed out in order to minimize the dependance of the evaluation of surface landmark displacement fields on roughness of manual segmentation. This smoothing is performed by building a surface mesh of the regions segmented manually in each iMR image, and by subsequently filling all voxels that fall inside the surface mesh with the numerical label of the segmented region (Figs. 2(1c)-2(2c) ). By comparing Figs. 2(2b) and 2(2c), one sees that the smoothing causes the depth and the opening width of the path created by retraction to decrease. In the future, this problem will need to be fixed.
Building of the Biomechanical Model
As mentioned above, in the present work, the biomechanical model is built from the second iMR image rather than from the preoperative images. The biomechanical model is built in two steps. First, the volume mesh is built, and appropriate constitutive law is assigned to it. Second, the cut to be included in the biomechanical model is defined. This cut represents the discontinuity that is handled via XFEM, i.e by enriching the appropriate nodes of the volume mesh with XFEM Heaviside DOFs.
To build the volume mesh, Isosurf (http://www-math.mit.edu/˜persson/mesh/) is first used to produce a surface mesh of the boundary of the segmented whole-brain region. This software takes as input a binary image, provided as stacks of slices, and representing segmented regions, and meshes the boundary of these regions into surfaces of triangles. Gmsh (http://www.geuz.org/gmsh/) [13] , a 3D mesh generator, is then used to produce, based on the triangle surface mesh, a tetrahedron volume mesh of the whole-brain region. A linear elastic law is assigned to the whole-brain region, with Young modulus E = 3000 P a and Poisson ratio ν = 0.45 [11] . Note that, since displacements only (and no forces) are applied to the homogeneous biomechanical model, its deformation is independent of the value of Young modulus [23] .
For modeling retraction, a representation of the cut in the biomechanical model is needed, in order to enrich the appropriate nodes of the volume mesh with XFEM Heaviside DOFs. The cut is defined as a segmented region, and ultimately represented by the surface mesh that is the intersection of the 3D volume mesh with this segmented region. For the patient case of interest, the mesh representing the cut is obtained as follows. First, the cut is assumed to be planar, and the cut plane, representing the location where the retractor was inserted, is taken as the plane between the two brain hemispheres (Fig. 3(a) ). Second, the 2D region that is the difference between the whole-brain regions segmented out from the two iMR images in the plane of the cut is determined (Figs 3(b)-3(c) ), where additional image processing has beforehand been performed on Fig. 3(c) to remove small, isolated islands. The result is a 2D cut region, shown in Fig. 3(d) . Third, the intersection of the cut with the volume mesh is computed. This is performed by first computing a distance map of the cut region, and then, using the filter VTKCutter, which allows one to compute the intersections of a volume mesh with an implicit function, such as a distance map. VTKCutter produces a triangle surface mesh, representing the cut mesh, composed of the set of points intersecting the volume mesh ( Fig. 3(e) ). Finally, the nodes whose supports are intersected by the discontinuity, i.e. the cut mesh, are enriched with XFEM Heaviside DOFs. The volume mesh consists of 2, 198 nodes which corresponds to 6, 594 FEM DOFs. Enrichment adds 561 XFEM Heaviside DOFs, leading to a total of 7, 155 DOFs.
Evaluation of Surface Landmark Displacement Fields
In order to drive the deformation of the biomechanical model, the displacement field of several surface landmarks is evaluated: the whole-brain region boundary and the two lips of the cut. The lips of the cut are assumed to be superimposed before the deployment of the retractor, and then spread out during the deployment of the retractor.
Displacement Field of Whole-Brain Region Boundary.
To evaluate the displacement field of whole-brain region boundary between two iMR images, an active surface algorithm [16, 46] is used. An active surface, i.e. a surface mesh with mechanical constraints such as elasticity, is initialised from the region boundary segmented in the first iMR image, and then deformed under the influence of external forces computed from the corresponding region boundary in the second iMR image. The external forces attract the surface during an iterative process, in such a way that this surface deforms to cling to the region boundary to match. In our work, the external forces F (x) are computed using a gradient descent on a distance map of the region boundary, i.e.
where D(x) is the distance map of the region boundary to match and S min is chosen to be +1 or −1 to ensure that the external forces point towards a position on the distance map with smaller distance value. Further details on this specific active surface algorithm can be found in [10, 11] .
An active surface for the whole-brain region boundary built from the second iMR image would deform on the whole-brain region boundary of the third iMR image by entering into the free path created by the retraction. The resulting displacement field of the active surface algorithm would thus model a deformation that does not occur in reality. The deformation of the wholebrain region boundary is thus decoupled into two independent applications of the active surface algorithm, one for each of the two hemispheres. One can clearly see in Figs Displacement Field of Cut Lips. The displacement field of the cut lips is obtained by evaluating the displacement of each node of the cut mesh, shown in Fig. 3(e) , which represents the intersections of the cut with the volume mesh. In the following, these nodes are named cut intersections.
First the lips of the cut are assumed to be moved by the retractor along a direction that forms an angle, shown in Fig. 5(a) , with the plane of the cut. Then a surface mesh of the whole-brain region segmented out from the third iMR image is built. Finally, for each cut intersection, a vector is defined, which starts at this intersection, forms the pre-defined angle ( Fig. 5(a) ) with the cut plane, and stops at its intersection with the surface mesh of the whole-brain region just mentioned. The length and direction of the vector represent the magnitude and direction of the displacement to apply to the cut intersection of the lip. (3) and (6), the conditions Once the displacement fields of both brain hemispheres and lips of the cut have been estimated, they are applied to the biomechanical model to drive its deformation. These displacement fields come from independent computations, and are neither necessarily consistent with each other, nor compatible with the volume mesh. Figures 6(1a)-6(1c) jointly show the displacement fields of the right brain hemisphere and of the right lip of the cut. One clearly sees that, in the neighborhood of the external surface of the brain, the two displacement fields cross each other. The application of these two displacement fields to the biomechanical model would lead to element flipping. Before applying these displacement fields, they have to be smoothed. Figures 6(2a)-6(2c) show the two displacements fields that have been jointly smoothed based on a weighted-distance average using ten neighbor nodes. The displacement fields are now consistent with each other, and compatible with the volume mesh. Furthermore, the direction of the displacement field of the right hemisphere (Fig. 6(1c) ) is clearly modified by the smoothing (Fig. 6(2c) ). This modification of direction allows one to capture in a better way the opening of the path created by retraction. One thus concludes that the use of an active surface algorithm for evaluating the displacement fields of the brain hemispheres is not sufficient, and that the evaluation of the displacement fields of the cut lips is required for correctly modeling retraction. A similar procedure is used for the left part of the brain. Note that left and right displacement fields are smoothed separately because the deformation of both sides of the brain are different and relatively uncoupled.
XFEM-Based Biomechanical Model Deformation
In order to deform the biomechanical model, one must transpose the smoothed displacement fields of the brain hemispheres and lips of the cut into displacements to be applied to the biomechanical model. The smoothed displacement field of the lips are directly applied to cut intersections. The displacement of each cut intersection is applied by imposing the conditions described in Equation (8) with Lagrange multipliers. The displacement of each node of the external surface of the biomechanical model is given by the displacement of the closest node of both initial active surfaces, representing the brain hemispheres, or of the surface mesh representing the intersections of the cut with the volume mesh. The biomechanical model then deforms, based on XFEM. The FEM-software tool Metafor (http://metafor.ltas.ulg.ac.be) developed in our mechanical-engineering department is used, which we have added a XFEM module to. The initial stress state of the brain is unknown and is thus set to zero [11, 43] . The resulting volume displacement field of the biomechanical model is shown in Fig. 7 .
Results of Image Warping and Validation
The resulting volume displacement field of the biomechanical model (Figs. 7(a)-7(b) ) is used to warp the part of the second iMR image corresponding to the whole-brain region, i.e. with the skull and external cerebrospinal fluid masked out. Figure 8(1a) shows the second iMR image, and Fig. 8(2a) shows the result of rigidly registering the third iMR image to the second iMR image. Figure 8(1b) shows the whole-brain region extracted from Fig. 8(1a) , while Fig. 8(2b) shows the result of the warping of Fig. 8(1b) .
To evaluate the accuracy of our 3D nonrigid registration technique, the image similarity is compared between the two iMR images rigidly registered with the similarity between the image resulting from the warping of the second iMR image and the third iMR image. This gives us an estimate of how well one is able to capture, and compensate for, the local deformations between the two iMR images. To qualitatively estimate the similarity between two images, the edges extracted from these images using the Canny edge detector itkCannyEdgeDetectionImageFilter, available in ITK (http://www.itk.org/), are compared. This allows us to visually, and also locally, estimate the alignment of the iMR images. Figure 8(1c) shows the juxtaposition of edges extracted from the whole-brain region of the two iMR images rigidly registered, while Fig. 8(2c) shows the juxtaposition of the edges extracted from the result of the warping of the second iMR image and the whole-brain region of the third iMR image. The visual comparison of Figs. 8(1c) and 8(2c) shows that edges match much better in (2c) than in (1c), which qualitatively indicates the benefit of the nonrigid registration.
To quantitatively estimate the similarity of the two edge maps, the modified Hausdorff distance is computed between the sets of edge points, i.e. voxels representing the edges, in these two images. The modified Hausdorff distance H(A, B) [6] between two sets of points A and B is defined as
where h(A, B) is the directed Hausdorff distance. The directed Hausdorff distance is a measure of the distance of the point set A to the point set B, and is defined as
where N a is the number of points in set The averaging minimizes the effects of outlier points, e.g. due to image noise. The value of the modified Hausdorff distance H(A, B) increases with the amount of difference between the two sets of edges points. The advantage of using a criterion such as the modified Hausdorff distance is that it quantifies (numerically) the alignment of the iMR images. However, the quantification remains global, and cannot reflect that fact that some local regions could be better nonrigidly registered than other ones. The qualitative and quantitative evaluations of the nonrigid registration, based on the visual comparison of edges and the modified Hausdorff distance, are thus complementary.
The modified Hausdorff distance distance decreases from 1.36 mm for the set of edges extracted from the two iMR images rigidly registered ( Fig. 8(1c) ), down to 1.10 mm for the iMR images nonrigidly registered (Fig. 8(2c) ). This indicates that the nonrigid registration improves the alignment of the two iMR images, although the opening width of the path created by retraction is not totally captured, as shown in Fig. 8(2b) in comparison to Fig. 8(2a) . We expect this is due to the segmentation, as explained above. In addition, the need for jointly smoothing (respectively on each side of the brain) the displacement fields of the hemispheres and the lips of the cut, as explained above, tends to globally decrease the magnitude of the displacement fields, and, thus, to decrease the opening width of the path.
Conclusions
We developed a method using intraoperative images for evaluating the brain deformation due to retraction. The nonrigid registration technique was based on a linear elastic biomechanical model driven by the deformations of key surfaces, extracted and tracked from the two successive iMR images. The cut was defined directly based on the two iMR images, and, then, was included in the biomechanical model using XFEM. The iMR images used in our experiments were acquired with a 0.5 Tesla intraoperative GE Signa scanner. To facilitate the evaluation of our results, the iMR image acquired just before the retraction was updated, as a substitute preoperative image.
In this work, all performed in 3D, the whole-brain region boundary and the cut were chosen as surface landmarks. The deformation of the whole-brain region boundary was decoupled in two independent computations of the active surface algorithm for both hemispheres, and showed that it was beneficial since they deformed very differently. The importance of evaluating the displacement fields of the cut lips for correctly capturing the opening of the path created by retraction was also shown. While the opening width of the path was not totally captured, the nonrigid registration was shown to improve the alignment of the two iMR images.
To further improve our retraction modeling, future work could be considered in fourth main areas. First, a way of preventing the opening width of the path from decreasing should be determined. The segmentation method, and the evaluation of the surface displacement fields should thus be improved to ensure that they do not imply this effect. Second, a linear formulation of XFEM was used, which applies to small deformations. Nevertheless, a nonlinear formulation of XFEM [15] should be implemented for the surgery cases involving large deformations of the brain. Third, the fact that iMR images are used could be further exploited. Indeed, these images provide volume information (rather than surface information only), are of good quality in comparison to other intraoperative modalities, and possess a field of view that includes the full volume of brain tissues (for the 0.5 Tesla GE Signa scanner). These images thus allow one to evaluate what, and how, new structures of the brain could be used. Some regions, e.g. the lateral ventricles' region, could be extracted from the two iMR images, and used as surface landmarks to drive the deformation of the biomechanical model. Fourth, as mentioned in the introduction, retraction followed by successive resections should be modeled in order to be able to update preoperative images for any kind of deformation encountered by the patient.
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